The rapid growth of sequencing technologies has greatly contributed to our understanding of human genetics. Yet, despite this growth, mainstream technologies have not been fully able to resolve the diploid nature of the human genome. Here we describe statistically aided, long-read haplotyping (SLRH), a rapid, accurate method that uses a statistical algorithm to take advantage of the partially phased information contained in long genomic fragments analyzed by short-read sequencing. For a human sample, as little as 30 Gbp of additional sequencing data are needed to phase genotypes identified by 50× coverage whole-genome sequencing. Using SLRH, we phase 99% of single-nucleotide variants in three human genomes into long haplotype blocks 0.2-1 Mbp in length. We apply our method to determine allele-specific methylation patterns in a human genome and identify hundreds of differentially methylated regions that were previously unknown. SLRH should facilitate population-scale haplotyping of human genomes.
A r t i c l e s Despite rapid advances in genomics and the sequencing of a plethora of genomes, most studies of human genomics have given little consideration 1 to the diploid nature of the genome, which typically possesses two copies of each chromosome, one inherited from the mother, and one from the father. In a handful of previous studies, the assignment of variants to alleles (a process known as haplotyping 2 ) was carried out by sequencing the parents of the subject 3 or by using a variety of experimental approaches. These include physically separating the chromosomes during cell division 4, 5 , analyzing long-range chromosomal interactions using a proximity ligationbased method 6 or recovering haplotypes from long DNA fragments, such as fosmid clones 7, 8 (a technique also known as dilution haplotyping 9, 10 ). Each of these methods has shortcomings: separating chromosomes requires complex specialized devices and careful manipulation of cells; proximity ligation-based methods leave many variants unphased 6 ; cloning fragments in fosmids typically involves at least a week of library preparation 7 . Recently, haplotyping methods based on long fragments were modified to use multiple displacement amplification (MDA) instead of fosmid-based cloning 11, 12 . Using MDA reduces library preparation time to a day, but the method suffers from a high amplification bias 12 and therefore requires very deep sequencing of the samples (often exceeding 500 Gbp 11 ). Even at a high coverage, MDA-based methods may leave up to 5% of variants unphased 8, 11, 12 . Such considerable sequencing requirements have prevented these haplotyping methods from being widely deployed.
Here we describe SLRH, which involves as little as 30 Gbp of sequencing in addition to a standard (50× coverage) whole-genome analysis to haplotype a human genome. It recovers haplotypes from long DNA fragments that are obtained using techniques recently developed for the study of the genome of Botryllus schlosseri 13 . Unlike earlier technologies based on fosmid cloning or MDA, SLRH uses PCR to amplify fragments. PCR has less amplification bias than MDA and therefore does not require as much coverage. However, the amplified fragments rarely exceed 10 kbp, whereas some MDAbased protocols generate 80-kbp fragments. This relatively short length required the development of a phasing algorithm, Prism, that augments long-fragment haplotyping with statistical techniques. Starting with shorter fragments, Prism produces haplotype blocks that are of equal or greater quality than ones obtained from existing haplotyping technologies. Furthermore, the resulting protocol can phase 99% of single-nucleotide variants (SNVs); current technologies typically phase ~95-97% (ref. 11, 12) . Supplementary Table 1 contains a more detailed comparison of SLRH to current, similar haplotyping technologies.
As a demonstration of an application that is made possible by readily available haplotype information, we used SLRH to determine allele-specific methylation patterns in a human genome. Differentially methylated regions affect the expression of many genes, yet little is known about the details of this process 14 , largely owing to the difficulty in obtaining accurate haplotypes. Our analysis yielded a base-resolution map of DNA methylation across a human genome, which is a valuable resource for understanding mechanisms involving allele-specific DNA methylation. Our map contains several hundred differentially methylated genomic regions, most of which, to our knowledge, have not been described previously.
A r t i c l e s RESULTS SLRH SLRH is a form of dilution haplotyping similar to previous approaches based on fosmid clones 7 or long-fragment reads 11 . It involves placing a small number of large ~7-to 10-kbp DNA fragments into separate pools. Each pool has a unique barcode that identifies its fragments, which are then recovered from short-read sequences and assembled into long haplotype blocks using a phasing algorithm (Fig. 1) .
The preparation of each phasing library starts by shearing DNA into fragments of ~10 kbp in size; these fragments are gel-purified and ligated with amplification adaptors at both ends. Fragments are then diluted into a 384-well plate containing 3,000-6,000 molecules per well and PCR-amplified using adaptor-specific primers (Supplementary Fig. 1 ). The number of fragments amplified (3,000-6,000) is chosen to minimize the probability of two fragments overlapping, which later simplifies fragment calling in the informatics software pipeline (Fig. 1b) . Each resulting pool of amplified molecules is used to prepare a sequencing library with the Nextera DNA transposase, and sequencing adapters with barcodes unique to each well are incorporated through limited-cycle PCR. The resulting sublibraries are pooled and sequenced on the Illumina platform ( Fig. 1a) . A single phasing library typically corresponds to ~30 Gbp of 101-base, paired-end Illumina reads.
The sequenced reads are then aligned to the reference genome and mapped back to their original wells as specified by the barcode adapters. Mapped reads within each well are clustered into groups that are believed to come from the same fragment. Variants in each fragment are called based on the subject's whole-genome genotyping; in our experiments, the subject's genotyping was determined from a 50× read coverage on the Illumina platform. Fragments called at this stage have N50 lengths of about 7-9 kbp (i.e., at least half of all sequenced bases are within fragments of at least 7-9 kbp) and cover the genome to a depth of about 4-8×. The relatively short length of these fragments, compared with those obtained by previous approaches to long-read methods 11, 15 , required the development of a haplotyping algorithm, Prism ( Fig. 1b and Supplementary Data), which augments dilution haplotyping with statistical techniques 2 .
In brief, Prism proceeds in two stages. First, in a local stage, it assembles fragments into haplotype blocks by connecting them together at their overlapping heterozygous SNVs 8 . This step is similar to existing algorithms for dilution haplotyping technologies. Then, in a global stage, Prism exploits linkage disequilibrium patterns 2 to assemble local blocks into long and accurate global haplotype contigs. Such contigs can phase up to 99% of heterozygous SNVs and up to 95% of heterozygous variants. Between each local block, Prism produces confidence scores that indicate the likelihood of introducing a phase-switch error owing to statistical phasing.
In applications where a high level of accuracy is desired, the user may introduce breaks in statistically assembled haplotype contigs whenever a confidence score falls below a certain threshold. This reduces the length of the haplotype blocks, but increases their accuracy. The ability to make a trade-off between accuracy and completeness is a feature of Prism that, to our knowledge, is not provided by other phasing algorithms, and which we expect to be useful in applications that demand great precision.
The global phasing stage is an essential component of the SLRH pipeline. Simply connecting long DNA fragments at heterozygous SNVs results in local blocks of about 60 kbp in length; existing technologies produce haplotype blocks of >600 kbp 11, 15 . The global phasing performed by Prism increases the lengths of these blocks by more than tenfold; it also increases SNV phasing rates from 94% to >99%.
The key algorithmic tool used by Prism is a hidden Markov model (HMM; Supplementary Note). At a high level, the HMM tries to represent the partially phased haplotypes of the sample as an 'imperfect mosaic' of haplotypes from a prephased reference panel of the 1000 Genomes Project 16 . It then assigns to each block the phase that best matches this representation. Confidence scores between adjacent blocks are derived from the forward-backwards variables of the HMM. 
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a b (1) is sheared into fragments of about 10 kbp (2), which are then diluted and placed into 384 wells, at about 3,000 fragments per well (3) . Within each well, fragments are amplified through long-range PCR, cut into short fragments and barcoded (4), before finally being pooled together and sequenced (5) . (b) Overview of the bioinformatics pipeline. Sequenced short reads are aligned and mapped back to their original well using the barcode adapters (1) . Within each well, reads are grouped into fragments (2) , which are assembled at their overlapping heterozygous SNVs into haplotype blocks (3). These blocks are assigned a phase statistically based on a phased reference panel (4) , which produces very long haplotype contigs (5). We used SLRH to phase three human genomes from the HapMap project. Two libraries were prepared for each subject and each was evaluated at a fixed accuracy threshold.
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A r t i c l e s
The Prism HMM extends the work of Li and Stephens 17 , on which modern statistical phasing packages such as IMPUTE2 (ref. 18) or SHAPEIT 19 are based. Unlike existing packages, our method is able to use partially phased information obtained from long fragments, which allows us to achieve greater accuracy than traditional statistical methods. The only statistical package able to leverage partial phase information is the recently introduced SHAPEIT2 (ref. 20); its underlying algorithm follows the same basic approach as Prism.
Phasing three genomes using SLRH As a demonstration of the ability of SLRH to accurately phase human genomes, we prepared libraries for three HapMap samples: NA12878, NA12891 and NA12892 (Supplementary Table 2 ). These genomes were previously phased at a high quality using familial information 3 . Two phasing libraries were prepared for each member of the trio ( Table 1 and Supplementary Tables 3 and 4) .
We evaluated the performance of SLRH at different accuracy thresholds by introducing breaks in the global haplotype contigs whenever the confidence score of a local block was below a threshold. Depending on the threshold, the N50 lengths of haplotype blocks varied between 130 and 750 kbp; the percentage of SNVs phased varied between 96.0% and 99.4% ( Fig. 2 and Supplementary Tables 5 and 6).
In particular, at the 0.9 confidence score threshold, about 99% of all SNVs were phased in blocks with N50 lengths of 560-650 kbp (Supplementary Tables 7 and 8). About 89% of 23,645 genes derived from the UCSC data set 21 were fully contained in a single haplotype block ( Table 2 and Supplementary Table 9 ). The haplotype blocks also contained >73% of novel SNVs and indels ( Supplementary Table 9 ), although the accuracy over these variants was lower than average, partly because of the increased difficulty in genotyping such rare variants.
The majority of phased genes contained compound heterozygous SNVs (about 75% of all genes with SNVs); HLA-C (also known as PPP1R10), a gene whose haplotypes are used to predict immune response during organ transplantation 4 , is an example of a compound heterozygous gene ( Supplementary Fig. 2 ). Phased genes also contained about 2,500 SNVs that were found to be damaging by the SIFT software package 22 . About 1,500 genes were affected by these mutations, and about 500 were found to have at least one damaging SNV on both the maternal and the paternal copy ( Table 2) .
To assess the accuracy of SLRH, we compared the above haplotypes to ones derived from applying Mendelian inheritance rules to our three samples. Even the SLRH obtained from a 0.5 probability threshold were highly accurate: for sample NA12878, SLRH produced long blocks with N50 lengths of 1.1 Mbp, which contained long phaseswitching events at an average rate of 0.85 per Mbp (Supplementary Tables 5 and 6).
Breaking these haplotypes at low-confidence positions further improved their precision: in every sample, long phase-switch errors occurred at an average rate of 0.2-0.9 per Mbp, depending on the chosen accuracy threshold ( Fig. 2 and Supplementary Tables 5 and 6). At the 0.9 threshold, long switch events occurred at a rate of 0.47 per Mbp for sample NA12878 (Supplementary Tables 7 and 8) . At a small number of positions, we observed short (one-base) discordances with parental haplotyping. This affected about 0.15% of heterozygous positions (Supplementary Tables 5 and 6), which were often associated with centromeres and copy number variations. Finally, the absolute accuracy of the haplotype blocks (i.e., without correcting for haplotype switching) varied between 93% and 96%, depending on the sample.
Whole-genome phasing from 30 Gbp of sequencing Next, to demonstrate the low sequencing requirements of SLRH, we ran the Prism algorithm separately on each individual phasing library. We observed only a small loss of haplotyping performance, highlighting the robustness of our statistically aided approach. Overall, we obtained haplotype blocks that were almost as accurate and only 100 kbp shorter than ones derived from 60 Gbp of sequencing ( Fig. 3) .
In particular, at the 0.9 accuracy threshold, 98-99% of all SNVs were phased in blocks with N50 lengths of 400-500 kbp, depending Figure 2 Haplotyping results at several accuracy thresholds. Long statistically constructed haplotype contigs are cut at positions where confidence scores are below a certain threshold (x axes), forming shorter but more accurate haplotype blocks. We evaluate the completeness (top panels) and the phase-switch accuracy (bottom panels) of the smaller blocks at a series of thresholds. The blocks are evaluated only over SNVs. Fig. 3 and Supplementary Tables 10  and 11 ). Long phase-switching events always occurred at rates below one switch per Mbp, and at the 0.9 threshold, we measured 0.5-0.8 switches per Mbp. This corresponds to accuracies of 99.87-99.90%, a drop of only about 0.01% with respect to two phasing libraries per sample. Finally, results for the two replicate libraries of the HapMap sample NA12878 were highly concordant ( Fig. 3 and Supplementary  Table 12 ). The two libraries were prepared with exactly the same input parameters (e.g., fragment length, number of fragments per well); their performance metrics differed by <1% and the two replicates assigned the same phase to most SNVs (Online Methods).
Determining allele-specific DNA methylation Next, as a demonstration of a scientific application of SLRH, we performed an analysis of differential DNA methylation across the genome of the HapMap sample NA12878 (lymphoblastoid cell line GM12878), based on its haplotype information. We thus obtained a detailed map of allele-specific methylation patterns within a human genome; such maps are useful for understanding biological mechanisms such as genomic imprinting.
In brief, we performed a MethylC-seq experiment on the GM12878 cell line and assigned methylated short reads to their closest haplotype. With the read coverage and bisulfite conversion rates on both alleles, we then quantified allele-specific DNA methylation (ASM) using Fisher's exact test (Online Methods). We found 216,034 statistically significant ASM events that clustered in 992 differentially methylated regions (DMRs), ranging in size from 6 to 3,181 bp (P < 0.05; median size 190 bp). Ten of the DMRs were located at previously studied areas of the genome, such as in the upstream region of the H19 gene 23 (Fig. 4) . The full list of DMRs and their associated genes is available in Supplementary Table 13 .
To gather more insight into how differential methylation may affect gene expression, we determined the overlap between the DMRs and transcription start sites, transcription end sites, exons and intergenic regions defined by GENCODE v14 (ref. 24) . Consistently with previous findings, the DMRs were significantly enriched at gene promoters (P < 2.2 × 10 −16 , binomial test). About 20% of the DMRs were located at gene transcription start sites, and an additional 42% were located within annotated genes (which include transcription end sites, introns and exons); the remaining 38% were found at distal intergenic regions ( Supplementary Fig. 4 ). We further explored the regulatory role of the majority of DMRs that are not in gene promoters by assessing the overlap between the DMRs and DNase I hypersensitive sites and transcription factor binding sites identified by ENCODE. We found that about 55% of the DMRs overlapped with transcription factor binding sites and 82% overlapped with DNase I hypersensitive sites ( Supplementary Figs. 4 and 5) . Overall, the above findings support the fact that differential methylation plays a role in gene regulation, particularly in the differential expression of genes.
We compared the ASM events we found with a previous study 25 that studied methylation patterns within the HapMap sample NA12878 using reduced-representation bisulfite sequencing (RRBS). We discovered substantially more ASM events (216,034 compared to 2,998) than were previously found using RRBS, a method that targets only GC-enriched regions. Since MethylC-seq can detect DNA methylation in the whole genome, our results suggest the prevalence of ASM events outside of CpG islands captured by RRBS technology. To our surprise, although 326 cytosines that were identified as ASM in the RRBS study also passed the criteria for testing in our study, only 96 were significantly (P < 0.05, Fisher's exact test) differentially methylated between the two alleles. We suspect the RRBS technology may introduce high bias from the amplification that leads to high falsepositive rates.
Effects of PCR and Nextera on haplotyping performance
Both PCR and the Nextera transposase introduce errors in the haplotyping process; we assessed the significance of these errors by running Prism on a high-quality synthetic data set obtained by sampling 7-kbp reads uniformly at random from the trio-phased genome of NA12878. Analysis of the synthetic data resulted in more complete haplotypes with a 0.4% higher SNV phasing rate. A further analysis of PCR amplification bias suggested that some areas of the genome exhibit a systematically lower amplification rate, and are covered by fewer long fragments. The long-range phase-switch accuracy on both data sets was similar, but the short-range switch accuracy was much higher on the synthetic data set. This suggests that PCR and Nextera mainly introduce gaps in the phased haplotypes as well as point errors at individual variants; however, their impact on long-rage phase information appears to be small.
DiSCUSSiON
The wealth of information one can obtain from a haplotype-resolved genome promises new advances in both biology and medicine. SLRH represents a step toward making such haplotype information easily obtainable.
Compared with existing dilution haplotyping methods 7, 11, 12 , SLRH produces haplotypes of equal or greater quality using substantially less sequencing effort (Supplementary Table 1) . Whereas existing methods require 110 Gbp 7 to 496 Gbp 11 of sequencing, SLRH requires as little as 30 Gbp. Moreover, our method phases up to 99% of all SNVs, whereas other methods phase at most 97% 12 , and typically less than 95% 7, 8, 11 . SLRH haplotypes also retain long-range phase information, with N50 lengths of 450-560 kbp; alternative methods have N50 lengths from 350 kbp 7, 12 to 600 kbp 11 .
Notably, SLRH achieves this without sacrificing accuracy: long-range phase-switching events occur less than once per Mbp on average (99.90-99.92% long switch accuracy). For applications demanding an even higher level of precision, SLRH provides confidence scores that may be used to trade-off haplotype completeness for increased accuracy. At the most stringent thresholds, the method yields short and highly accurate regions that may be valuable in clinical applications.
The two components of SLRH that enable these advances are a lowbias PCR-based amplification step, and the Prism statistical phasing algorithm, which compensates for having relatively little input data. The two components naturally complement each other. Although long fragments cannot span long regions of low heterozygosity, such regions typically show high linkage disequilibrium and are more amenable to statistical phasing. The limitations of SLRH include the need to use a compute cluster for statistical phasing and a lower phasing accuracy in statistically assembled regions ( Supplementary  Table 16 ). The statistical component of SLRH also cannot be applied to species other than human owing to the lack of a suitable reference panel. However, we expect that the molecular component can be applied to species with genomes of at least 100 Mbp, which are large enough for long fragments to be sufficiently diluted.
Finally, compared to a recently introduced proximity ligation-based method (HaploSeq 6 ), our approach produces shorter, but more complete haplotype blocks. Whereas HaploSeq phases 81% of SNVs in a human genome, SLRH phases 99%. The errors of HaploSeq mostly affect individual positions without altering the global haplotype structure; SLRH produces significantly fewer errors, but some of them may introduce long-range phase-switching events. Overall, the two methods appear to have complementary strengths and weaknesses.
As an example of the scientific studies that are made possible by SLRH, we determined the allele-specific methylation patterns across a phased human genome. We observed many methylation events, and found that the DRMs are often associated with cis-regulatory regions. In previous studies, differential methylation patterns were determined either by purely statistical methods 26, 27 or from Mendelian inheritance rules 25 . Such methods may be inaccurate and may not scale to large studies owing to the need to sequence the parents of every subject. Here, we were able to reproduce the work of previous studies without relying on parental information or large amounts of sequencing.
Besides differential methylation studies, haplotype information has applications in many areas of genomics, including (i) the analysis of disorders affected by compound heterozygosity, such as blistering skin 28 , cerebral palsy 29 , deafness 30 and others 1 ; (ii) population genetics, where population-specific haplotype blocks are currently resolved using lower-accuracy statistical methods 2 ; (iii) the detection of structural variations, which has been shown to benefit from phase information 7 ; (iv) the matching of hosts and donors in organ transplantation based on the human leukocyte antigen (HLA) region of the genome 4 ; (v) the evolution of genomes across species 31 . The wide range of these fields highlights the importance of phase information in human genetics and the many potential applications of SLRH.
METHODS
Methods and any associated references are available in the online version of the paper.
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ONLiNE METHODS
Preparation of a phasing library.
To prepare a phasing library, 1 µg of genomic DNA was sheared using a Covaris g-Tube (3,200g for 2 × 1 min). The 8-10 kb DNA fragment range was isolated from a 0.8% Clonewell E-gel (Life Technologies, Grand Island, NY, USA) using the QIAquick Gel Purification Kit (Qiagen). Isolated DNA fragment ends were blunted, 5′-phosphorylated, A-tailed, and ligated to dT-tailed adapters (see below) using the NEBNext Quick DNA Library Prep Master Mix Set for 454 (New England BioLabs), following the manufacturer's instructions.
Adapter (Forward): 5′-CATCTCATCCCTGCGTGTCTCGTCGGCAGCG TCAGATGTGTATAAGAGACAGTACGCTTGCAT-3′ Adapter (Reverse): 5′-(Phos)-TGCAAGCGTACTGTCTCTTATACACATC TGACGCTGCCGACGAGACACGCAGGGATGAGATGG-3′ Excess adapters and enzymes were removed using AMPure XP SPRI beads (Beckman Coulter Genomics, Danvers, MA, USA), and the concentration of amplifiable 8-to 10-kb DNA fragments was determined by qPCR relative to 10-kb fragments of known concentration.
The 8-to 10-kb fragments were then diluted to 3,000-6,000 amplifiable molecules per well of a 384-well plate, and PCR-amplified for 13-15 cycles (94 °C 15 s, 65 °C for 9 min) using adapter-specific primers (5′-CCATCTCATCCCTGCGTGTCTCG-3′) and LongAmp polymerase (New England BioLabs). The average number of molecules within each well was kept around 3,000-6,000 to reduce the complexity of unique DNA sequences, which is important to aid fragment calling and avoid cross-phasing of fragments. Each resulting pool of amplified molecules was Tagmented using the Nextera DNA transposase (Illumina), end-repaired (72 °C for 4 min), and sequencing adapters (Nextera Index Kit, Illumina) with barcodes unique to each well were incorporated through limited cycle PCR (6 cycles of 94 °C 15 s, 65 °C for 4 min). The resulting sublibraries were pooled together, purified using the QIAquick PCR Purification Kit (Qiagen), size-selected by excising the 400-800 bp fragments from 2% SYBR Safe E-gels (Life Technologies) using the QIAquick Gel Extraction Kit (Qiagen), further amplified using PhusionGC polymerase (New England BioLabs) with Primer1 and Primer2 from the Nextera DNA Sample Prep Kit (Illumina-Compatible) (EpiCentre), and purified using the Zymo Clean and Concentrate Kit-5 (Zymo). Sequencing libraries were quantified using by qPCR (KAPA) and sequenced on Illumina HiSeq2000 sequencers using a 2 × 100 bp plus single 8 bp index read recipe.
DNA for HapMap samples NA12878, NA12891, NA12892 was obtained from lymphoblastoid cell lines (GM12878, GM12891, GM12892) available from the Coriell Institute for Medical Research.
The samples were whole-genome sequenced to a depth of 50× on an Illumina HiSeq 2000 instrument (Supplementary Table 2 ) as part of the Illumina Platinum Genomes Project (http://www.illumina.com/platinumgenomes/). These requirements are comparable to those of earlier publications 7, 11, 12 .
Comparison to the method of Voskoboynik et al. 13 . The above protocol adapts the LR-Seq technology that has been recently used to assemble the genome of B. schlosseri 13 . Our method has some differences to LR-Seq. LR-Seq, about 300 fragments wells are placed per well, compared to 5,000 for SLRH. The individual fragments in each well are sequenced to a high depth in LR-Seq (50×, in order to perform de novo subassembly); we sequence the fragments to a depth of 1-2×.
Additionally, the phasing protocol has been streamlined relative to LR-Seq in several ways. The most important modifications include: the elimination of two intermediary DNA purification steps; using the Nextera v.2 library preparation protocol; the addition of end-markers at the end of fragments; performing the initial fragmentation in a G-Tube, as opposed to using a HydroShear.
Assessment of PCR bias.
To assess biases introduced by PCR, we compared the empirical read coverage at heterozygous SNVs to one obtained from sampling a uniform coverage distribution. Although we observed biases, they only affected a small number of SNVs.
We focused our attention on two types of coverage: internal and external. Internal coverage refers to the distribution of short reads within a typical long fragment. External coverage refers to the distribution of long fragments across the whole genome. Unevenness in each type of coverage is accordingly referred to as internal or external bias.
In Supplementary Figure 5 , we plotted the histogram of the internal and external coverages at heterozygous SNVs on chromosome 22. We derived these plots from data from the two phasing libraries of HapMap sample NA12878.
The top panel compares the empirical coverage histogram at heterozygous SNVs (blue curve) to one obtained from an idealized coverage distribution that exhibits no internal bias (red curve). The ideal coverage c j (red curve) at a heterozygous position j is the sum Σ i c ji of the coverages c ji within each long fragment i that spans j; the c ji were obtained by simulating a uniform internal coverage within long fragment i. We carried out this simulation by sampling each c ji independently from a binomial distribution with parameters n = 2.03 * l i /101 and p = 101/l i , where l i is the length of fragment i, 101 is the length of a short read, and 2.03 is the empirically derived average coverage of long fragments by short reads. In other words, the ideal curve assumes that short reads are distributed uniformly within each long fragment, but the long fragments are distributed across the genome in the same way as in the empirical data; this isolates the effects of internal bias.
The bottom panel compares the histogram of the empirical coverage by long fragments at heterozygous SNVs (blue curve) to an idealized distribution of long fragments that exhibits no external biases. The blue curve represents the typical number of long fragments that span a heterozygous position; a heterozygous SNV is said to be spanned by a long fragment if it falls between the start and end position of that fragment. The ideal coverage curve was derived under the assumption that long reads are distributed uniformly at random across the genome. We modeled this assumption by sampling a coverage c ji at every heterozygous position j from a binomial distribution with parameters n = 11.12 * 5,000/L and p = 5,000/L, where 5,000 was taken to be the length of a typical long fragment, L was the length of the reference sequence for chromosome 22, and 11.12 was the coverage of the chromosome by long fragments observed within the real data.
In the top panel, there is more mass on the left of the blue histogram relative to the red histogram, indicating that many positions had less coverage than one would expect in the ideal case. However, there were only 302 more uncovered positions in the real data than in the ideal data (1.0% of the heterozygous positions on chromosome 22); thus even at a low internal coverage of 2×, relatively few positions were impossible to phase due to internal bias problems.
In the bottom panel, 800 heterozygous positions (2.9% of all positions) could not be phased because of external bias; in the ideal case, there are no uncovered positions. This difference is larger than in the top panel, suggesting that the biases inherent to our method caused certain fragments not to amplify at all in certain regions of the genome, as opposed to some parts of a fragment not being amplified.
However, the above statistics suggest that only 4% fewer SNVs (relative to the ideal setting) could not be phased by a purely molecular approach due to various biases. Interestingly, our local phasing rate of 93.4% ( Supplementary  Table 7 ) came close to this upper bound of 96%.
Finally, we tested the impact of sequencing and PCR errors on the accuracy of our assembly by generating another simulated data set for sample NA12878. We sampled 7 kbp-long fragments uniformly at random from the trio-phased genome of NA12878 (with each fragment coming from a single chromosome), such as to cover the genome at a depth of 6× (roughly the equivalent of one 30-Gbp phasing library). Each long fragment was sampled with short reads at an internal depth of 2×, and each short read was generated from the triophased VCF of NA12878 with an error probability of 10 −5 . This data set was meant to represent an ideal input containing essentially no sequencing or PCR errors.
We ran our phasing pipeline over this data set; results are presented in Supplementary Tables 14 and 15 . Overall, we noticed an improvement in phasing quality. Substantially more variants were phased at the local stage into longer blocks. The subsequent global stage was also more complete, with an N50 length longer by about 100 kbp, and with about 0.4% more SNV phased. However, the difference in quality of these haplotypes was less significant. Long switch accuracy was similar in both cases, and actually 0.02% lower on the simulated data set (this is understandable, as the haplotype blocks were substantially longer and contained more variants). The greatest improvement was found in short switch accuracy, suggesting that sequencing errors and PCR artifacts mainly introduce point errors at individual variants without significantly affecting the long-range phase information.
npg Computational data analysis. Sequencing reads were aligned to the genome using the BWA aligner. Within each set sharing the same well-specific barcode adapter, the reads were clustered into groups separated from each other by at least 2 kbp. With high probability, reads within the same groups belong to the same long fragment. See Supplementary Table 3 for a summary of libraries sequenced.
Within each fragment, genomic variants were determined at set of heterozygous positions derived from an existing list of variants in VCF format. VCF files were obtained from an earlier whole-genome sequencing of the samples to a depth of 50× on an Illumina HiSeq 2000 instrument (Supplementary Table 2 ).
Once heterozygous variants in each fragment were determined, fragments were passed through quality control (Supplementary Table 4) . The reasons for discarding fragments were: insufficient internal coverage, a large number of positions with low q-scores, evidence of two different alleles at a heterozygous position in the same fragment and a fragment length that fell within the top two percentiles.
Genotypes within a called fragment were sometimes inconsistent with the input genotyping. If a position exhibited sufficient evidence (P < 0.01) for two alleles, the entire fragment was discarded. This was done to detect and remove collisions between fragments in the same well; it was found to substantially increase the switch accuracy. About 1% of fragments were discarded in this manner.
Local phasing. First, at the local stage, long fragments were connected at their heterozygous SNVs using a dynamic programming algorithm. Dynamic programming is a technique that consists in finding the solution by first solving a set of smaller subproblems and then combining their solutions. Alternative algorithms for local phasing include RefHap 8 and HapCut 32 ; they could probably be used to replace our method.
Our dynamic programming algorithm takes the approach of solving m subproblems (where m is the number of positions to phase), where each subproblem k (with 1 ≤ k ≤ m) consists in finding the optimal haplotypes for our data, assuming that the data are truncated to the first k positions.
For k = 1, that task is obviously easy to perform. For k ≥ 1, we need to make the observation that the optimal haplotypes up to position k consist of some assignment to parental chromosomes of the long fragments that span position k (call that assignment A), as well as of the best haplotypes over positions 1,…,k−1under the conditions that the fragments that span both k and k−1 are assigned consistently (i.e., to the same parental chromosome). Let B denote an assignment of long reads to chromosomes at position k−1 and note that if we store the optimal solution over 1,…,k−1 for every assignment B, then we can compute a solution for position k by simply enumerating all assignments B that are consistent with A. Because our depth is relatively low, there are typically about ten fragments that span position k−1, and we can enumerate all possible assignments of these reads efficiently.
After repeatedly solving the subproblem for every k, we arrive at the full solution when k = m.
More formally, our algorithm is based on repeatedly solving the dynamic programming recursion
c where M[k,h k ,χ k ] is the log-likelihood of the best haplotype blocks given that the data are truncated to heterozygous positions 1 to k, that the haplotype at position k is h k ∈{0|1,1|0), and that the fragments at position k are mapped to the two parental chromosomes indexed by {0,1} using the function c k i k i : { | } { , } ∈ → 0 1 . In the last definition, the index i denotes fragments, and the notation k∈i means that fragment i covers position k. The value P i k h i k k ( ( )| ( ( )) c ) is the probability of observing the variant i(k) located at heterozygous position k in fragment i given that the fragment came from the parental chromosome χ k (i), whose true allele is therefore taken to be h k (χ k (i)). This probability is directly derived from the sequencing reads' q-scores. The expression that is maximized equals the score of a particular assignment of fragments to parental chromosomes and of haplotypes at these alleles. It is maximized over the two possible haplotypes at the previous position h k−1 , and over all possible assignments of fragments to chromosomes at the previous position χ k−1 that are "consistent" with the current assignment χ k . We enforce "consistency," in the sense that if a fragment spans positions k and k-1, then both χ k−1 and χ k must assign it to the same chromosome. This is denoted by χ k-1~χk .
The The running time of the above algorithm is linear in the number of heterozygous positions, and exponential in the genomic coverage (more precisely, in our implementation, complexity grows on the order of O( ) cov 2 erage ). Because the genome is typically covered to a depth of ~8×, the exponential running time factor is not a problem in practice. At positions where the coverage is extremely high by chance, we discard the least informative fragments without noticeable loss in performance.
Global phasing. The end results of the local stage are short and accurate haplotype blocks whose characteristics are summarized in Supplementary  Tables 7 and 8 . Next, at the global stage, these local blocks are phased with respect to each other using a statistical phasing algorithm to form long haplotype contigs. Most blocks are assigned a phase at this stage, with the exception of a small number that most often comprise a single novel heterozygous variant.
We defer the detailed definition of the statistical phasing algorithm to Supplementary Note. In brief, it extends the Li and Stephens 17 model used in statistical packages such as IMPUTE2 (ref. 18) or SHAPE-IT 19 to accept prior local phasing information. It uses a reference panel of phased haplotypes and a genetic map of the genome. This data were obtained from the latest version of the IMPUTE2 statistical analysis package. Traditional statistical algorithms typically have low accuracy; our method leverages locally-derived haplotype information to greatly reduce the number of possible haplotypes in any region, and thus improves the phasing accuracy ( Supplementary Table 16 ).
Although in this work we ran Prism on European samples, the program also handles subjects of other ancestries, as well as subjects of mixed origins. Prism handles admixed populations in the same way as IMPUTE2, i.e., it phases the subject across small overlapping genomic regions of 100 kbp-1.5 Mbp (the exact size affects the results very little), and then merges the results of each region. Within a particular region, it selects a reference sub-panel of K individuals that best describe the subject. Therefore, if the subject has a different ancestral origin within a particular region, the method will select the set of haplotypes from the appropriate population. In the case of sample NA12878, we found that using a population of mixed ethnicities produced similar results to ones obtained from a strictly European panel with a slightly improved global phasing accuracy of 94.73% (up from 94.69%), suggesting that the sample was well described by reference panel members of European ancestry. In more admixed samples, we expect to see a drop in statistical phasing accuracy when using only a single ethnicity in the panel; we therefore suggest using the default setting and choosing the closest samples of each ethnicity within the entire window. For a more thorough discussion of this topic, we refer the reader to the IMPUTE 2 publication 18 .
The global phasing stage produces long haplotype contigs as well as confidence scores that indicate the likelihood of making a switch error between two local blocks. Depending on the application, haplotype blocks can be constructed from the long contigs by introducing breaks whenever the confidence score between two statistically phased blocks is too low. One can obtain an npg estimate for the minimum accuracy over a region by multiplying the confidence scores. If two haplotypes appear to be equally likely, Prism will pick one at random, but will assign that haplotype a low score. We found the number of positions with such low scores to be on the order of 2-3%.
Evaluation criteria. Performance was assessed using a series of metrics: the N50 length of phased blocks, the percent of variants phased, as well as long and short switch accuracies and associated rates.
The N50 length of a set of haplotype blocks is defined as the length n at which half of the total bases in all the blocks are in blocks of length n or longer. We defined the length of a haplotype block to be the number of bases between the first and the last heterozygous variant in the block. The percent of variants phased was defined as the number of heterozygous variants in haplotype blocks that contain at least two heterozygous variants in total.
Accuracy was assessed in terms of the concept of a switch. A switch is said to occur at a heterozygous variant j if the mother's and the father's variants are inverted with respect to heterozygous variant j−1. For example, a switch occurs at heterozygous variant j if the allele on haplotype 0 at j is known to come from the mother and the allele on haplotype 1 is known to come from the father, whereas at j−1 it's the opposite: the allele on haplotype 0 comes from the father and the allele on haplotype 1 comes from the mother.
We differentiate two types of switches. A long switch (also referred to as a switch event) happens when the mother's and the father's variants are inverted for more than one position (e.g., MMFF). A short switch is said to occur when the parental variants are inverted for a single position (e.g., MMFM).
In this study, we focus our analysis on long switches. Such errors are more important as they substantially alter the haplotypes within a region (e.g., within a gene). They are also the most common type of error produced by the statistical phasing that SLRH uses. Finally, they are much easier to measure, as false short switches can be caused by genotyping errors in triobased phasing.
We assess errors using long switch accuracy, which is defined as one minus the number of long switch events divided by the number of locations where switches can be measured. Short switch accuracy is defined as one minus the number of positions with short switches divided by the number of heterozygous genomic variants. The rate of long switch events was defined as S * (1−A)/3,200, where A is the long switch accuracy on SNVs, S is the number of heterozygous SNVs in the subject, and 3,200 is the approximate length of a human genome in Mbp. Finally, we defined the absolute accuracy of a block as maximum of (i) the number of variants truly coming from the father and (ii) the number of variants truly coming from the mother, divided by the number of variants whose provenance could be assessed (i.e., heterozygous variants that are not heterozygous in both the father and in the mother). Thus, if a haplotype block has alleles 00011000, and the true parental alleles are 00000000 and 11111111, then the absolute accuracy for this block is 6/8. The absolute accuracy we report is taken over all the blocks.
We generated a list of genes from the UCSC known genes database by performing a set union of the genomic regions associated with all the transcripts of a particular gene. We considered a gene to be phased if it did not contain the start of a haplotype block.
Analysis of haplotyping performance over rare variants. The performance of SLRH over rare variants was noticeably lower than over common ones, both in terms of phasing rate and accuracy. To better understand the reason behind the drop in phasing rate, we examined the distance of each variant to its closest neighbor. We found that rare variants were typically located farther from their neighbors than common variants. Whereas, the average proximity across all SNVs was 684.9 bp in sample NA12878, the average proximity for novel SNVs was 3,001.9 bp.
Next, we tried to explain the drop in accuracy over rare variants. This drop was present at the local stage, and therefore was not due to statistical methods. After manually examining rare SNPs with switch errors, we concluded that the error increase occurred because these variants were often miscalled; we were able to find a significant number of so-called novel positions at which none of ten clouds would contain an SNV. Sometimes the genomic region around the novel SNP seemed to show evidence for another event, such as a copy number variation.
To investigate this more formally, we computed for each locally phased position j a quality score, defined as P f h ij ij i j i ( | )
: ∈ ∏ Where f ij is the allele found on fragment i at position j and h ij is the true allele at position j on the haplotype from which fragment i was deemed to originate. To compute such q-scores, one needs to run the local phasing algorithm to determine the most likely haplotypes and provenances of the long fragments.
As an example, if the true haplotype in a region was determined to be 01010, and a long fragment i with alleles 111 was deemed to originate from the middle three positions, then the probability P(f i3 |h i3 ) = P(1|0), which is the probability of having made a sequencing error at that position.
Our local phasing algorithm assumes that all positions are truly heterozygous. Therefore, if a SNP call is a false positive, many fragments that cover that position will have associated scores of P(f ij | h ij ) = P(1|0) (probability of observing the reference, given that the true allele should be a variant), and the total quality score will be low.
Thus the above score can be taken as a rough indicator of inconsistency between the long fragments, and the data reported in the VCF. We compared the average q-score at novel SNPs with a switch error to the average q-score at non-novel SNPs with a switch error, and found the former to be noticeably lower: 0.3635 versus 0.6523. The average q-score across all positions was 0.9328. Within each class, q-scores were either very close to one, or very close to zero. Among novel SNPs with switches, 63% were below 0.1, and 36% were above 0.9; among non-novel SNPs with switches, 33% were below 0.1, and 65% were above 0.9. This again suggests that novel SNPs were in general much less supported by long fragment data, and perhaps were not truly SNPs. This in turn offers an explanation for their lower accuracy.
with the Agencourt AMPure XP SPRI beads (Beckman Coulter Genomics, Danvers, MA, USA), and subjected to 101 base paired-end sequencing using Illumina's HiSeq 2000 Sequencer.
Identification of allele-specific DNA methylation at base resolution.
To identify genome-wide, allele-specific DNA methylation, we performed MethylC-seq experiments on the DNA extracted from GM12878 cell line. A total of 796 million (13× per strand) uniquely mapped non-identical reads were obtained. The bisulfite conversion rates were 99.82%. We used the heterozygous SNPs from the phasing data to determine the allele-specific DNA methylation and assigned 48 million reads (6% of total reads) to one of the two parental alleles. We determined the allele-specific DNA methylation (ASM) using Fisher's exact test on each of the cytosine that was covered by at least five reads on each allele. A total of 216,034 ASM cytosines passed the significance test. About half of ASM events (63.32%) were from direct disruption or forming of CpG dinucleotides, which confirmed the accuracy of our method as DNA methylation occurs primarily at CpG sites. A total of 100,834 ASM events were left after removing the CpG-disrupted ASM sites. DMRs are identified by merging allele-specific methylated cytosines on the same allele that are less than 1,000 bp apart. Merged genomic regions that contain five or more allelespecific methylated cytosines are reported as DMRs. All genomic coordinates were based on the GRCh37 (hg19) reference genome annotation. 
